[2] Soil moisture is one of the fundamental hydrologic 36 parameters in terrestrial hydrology. The ecosystem in semi-37 arid or arid areas is normally driven by soil moisture in most 38 cases. It has long been recognized that soil moisture in the 39 root zone regulates atmospheric energy exchange at land 40 surface, which plays a key role in flood and drought 41 genesis. Soil moisture also plays a key role in surface-42 subsurface water exchanges through infiltration and perco-43 lation processes. Accurate measurement of soil moisture at 44 the ground level may aid in the estimation of crop yield, 45 plant stress, and watershed runoff. Soil moisture obviously surface [Lu, 2005] . Space-borne radar imaging satellites 63 have become a common means of earth observation in the 64 past two decades [Freeman, 1992] . The specific imagery [5] Estimation of soil moisture based on SAR measure-117 ment (i.e., ERS or RADARSAT-1) was made possible via 118 developing linear regression models [Freeman, 1992;  119 Dubois et al., 1995; Moran et al., 2000; Moeremans and 120 Dautrebande, 2000; Salgado et al., 2001; Glenn and Carr, 121 2003; Nolan, 2003 ] and nonlinear regression model [Zribi 122 and Dechambre, 2002] in a single land use/land cover from 123 several hundreds m 2 to several km 2 on the basis of tradi-124 tional statistical regression theory. Studies using neural 125 network models and inversion approaches to retrieve soil 126 moisture on the basis of passive microwave remotely sensed 127 data can be found elsewhere [Narayanan and Hirsave, 128 2001; Del Frate et al., 2003; Wigneron et al., 2003] . Up 129 to this point, there is an exceptional difficulty to derive 130 highly complex model in dealing with multiple land use/ Table 1 jointly present land use/land cover of the CCRW.
171
The evolutionary computation using the GP as a means is 172 thus proposed in this study to estimate surface soil moisture 277 of 2 m in radius, and then, we took average of the 3 278 associated measurements at each measurement point. In 279 addition, the target areas for the ground truth measurements 280 must be chosen in the proximity of the ground control 281 points (i.e., corner reflectors) in order to minimize the 282 horizontal error of the ground truth points relative to the 283 SAR geometrically corrected.
284
[9] All ground truth measurements of soil moisture in this 285 study were collected within the top 5 cm of soil by using 286 The FieldScout 2 TDR 300 soil moisture meter [see also Le 287 Hégarat-Mascle et al., 2003; Wilson et al., 2003; Spectrum 288 Technologies, Inc., 2004] . The TDR method has been 289 popular for it may provide measurements of in situ soil 290 moisture content with good accuracy in the work of Topp et 291 al. [1980] , Roth et al. [1992] , and Walker et al. [2001] . The 292 TDR 300 sensor rods used in our measurements were 12 cm 293 in length. We measured the soil moisture content on the top 294 5 cm of soil surface by inserting the probe at an angle of 25°2 95 from the flat ground. Prior to use, the TDR probe was 296 calibrated against gravimetric measurement method within a 297 range between 10 and 50% moisture (converted the gravi-298 metric to the volumetric moisture content). An average 299 value of three gravimetric measurements was used to 300 calibrate each TDR measurement. Programming is generally considered as an extension of 320 GA.
321
[11] The GP is the heuristic iterative search technique that 
336
In recent years, the GP has been proved useful for solving 374 combine frames together. However, the mosaicking proce-375 dure must not be done before the data extraction because the 376 SAR data could be altered because of the image resample in 377 the mosaicking process.
378
[14] While the soil permeability map can be created from 379 STATSGO database, the NDVI data, derived from the 380 AVHRR sensor, may address the seasonal changes of 381 plants' productivities. Slope and aspect data can be easily 382 derived from a Digital Elevation Model (DEM). After all 383 the input data (SAR, slope, aspect, soil permeability, and 384 NDVI) were calibrated and imported into the GIS frame-385 work, the data are extracted from each layer and tabulated 386 for uses in later GP analyses. Once regression models were 387 developed from different attempts using GP as a means, the 388 best model can then be chosen for mapping soil moisture on 389 a watershed scale.
390
[15] Since most of the ground data in this study fall in the 391 frame 72, it was chosen as our reference frame for the 392 mosaic. The cutline method was employed for the mosaic to 393 maintain most of the frame image, which covered more than 394 70% of the study area. To generate images of soil moisture, 395 all the input data were imported into the ArcGIS framework 396 to process raster calculations. At the end of the raster 397 calculations, an image of soil moisture is created smoothly 398 according to the generated GP model. [Zribi et al., 2005] . Furthermore, the speckle is 415 considered as a property of the backscatter; thus there would 416 not be a calibration problem because the pixel backscatter 417 measurement is repeatable [Freeman, 1992] . Minimum 418 number of image processing is our target in order to 419 minimize the alteration of backscatter measurements as 420 much as we practically can. Only normalized radiometric 421 correction to compensate for speckle due to the inherent 422 radar image distortion was carried out on the basis of the 423 ASF SAR Processing Algorithm [Olmsted, 1993] . The 424 spatial resolution of the processed data can be kept at its 425 original resolution.
426
[17] To ensure the accuracy of the data, radiometric and 427 geometric corrections were deemed necessary to all data with 428 the aid of corner reflectors [Freeman, 1992; ASF, 2002] . 429 Radiometric calibration is required to assure the correct 430 interpretation and information of the signal. Geometric 431 (spatial) calibration is required to assure the correct dimen-432 sions and position, and adjust for any distortion of the SAR 433 imagery. The corner reflector has been widely used for 434 calibration of SAR data from the early age of the technology 435 [Sarabandi et al., 1992; Sarabandi, 1994] [TSS, 1996; Small et al., 1997; Williams, 449 2004] . To remove the center-bias phenomena and the back-450 ground noise, the SAR data were processed from pixel 451 intensity to backscatter coefficient, s 0 (sigma-naught). For 452 ASF's purpose, s 0 is defined as
454 where d is pixel intensity (0-255), a1 is noise scaling, a2 is 455 linear conversion, a3 is offset, and n(r) is noise as a function 456 of range. The coefficients are found in the Radiometric Data 457 Record (part of the CEOS leader file) [Olmsted, 1993] [21] In the field of Geotechnical Engineering soils can be 515 classified into groups and subgroups on the basis of their 516 engineering behavior. Many general characteristics of soils 517 can be used to express their description, but the grain size is 518 a common use in many classification systems [Das, 1999] . 519 STATSGO is the State Soil Geographic Data Base devel-520 oped by the United States Department of Agriculture -521 Natural Resource Conservation Service (USDA-NRCS). 522 STATSGO was created by generalizing soil survey maps, 523 county general soil maps, state general soil maps, and state 524 major land resource area maps. More information can be 525 found at Earth System Science Center [2004] . The purpose 526 of using the soil map is to incorporate the soil permeability 527 into the model. The soil permeability refers to the ability of 528 water and air to move through saturated soil. The perme-529 ability of soil is influenced by many factors, such as size 530 and shape of the soil particles, degree of saturation, and void 531 ratio. For a given soil, permeability is inversely proportional 532 to soil density. A map of soil permeability made up of 31 533 soil types in the CCRW is presented in Figure 9 . The 534 development of soil moisture model would benefit from 535 incorporating soil permeability, measured in inch/hr, along 536 with some other geoenvironmental variables and SAR. [24] Overall, the backscatter might be more strongly 594 influenced by roughness than soil moisture. This is because 595 grain size is an order of magnitude or more smaller than the 596 roughness element (clods, clumps and row structures) that 597 drive the ''roughness'' response in the backscatter signal on 598 the order of mm to cm. While it is true that soil texture or 599 grain size plays a role in how cloddy or rough a soil will be 600 after tillage, it is the tillage that determines the size of clods 601 in agricultural area. Yet it is impossible to keep track of the 602 changes of roughness in the dynamic system all by the in 603 situ measurement in the watershed with an area of over 604 14,200 km 2 , whereas this type of measurement can be done 605 easily in a small study area. Therefore integrative use of the 606 soil permeability addressing the feature of soil texture and 607 the NDVI values implying the inherent density of plant 608 species are used to collectively reflect some sort of surface 609 roughness in the GP model development. This would also 610 reduce the possible correlation among exogenous variables 611 in the model from a statistical sense. The model should also 612 be valid to some other watersheds where the soil perme-613 ability may fall into the same range, between 0.5 in/hr and 647 validation may be performed by using the rest of data points 648 (i.e., one third of the ground truthing data points). The 649 outputs using the calibrated soil moisture model can be 650 compared against the unseen ground truth soil moisture 651 samples (i.e., the validating data set). The estimation of soil 652 moisture, as a consequence, is expected to be a function of 653 the SAR data, the surface slope, the aspect of slope, the soil 654 permeability, and the NDVI, as expressed below:
656 where VWC is the percent volumetric water content in soil, 657 V0 is the SAR backscatter coefficient that is converted to 658 DN value (0 -255), V1 is the slope value in percent, V2 is 659 the aspect value in degree, V3 is the STATSGO soil 660 permeability (in/hr), and V4 is the NDVI that is converted 661 to digital number (0 -200).
663 5. Results and Discussion
664
[27] A GP-derived soil moisture model was proved useful 665 to accommodate the soil moisture estimates of the CCRW. 666 With the aid of the GP algorithm, the soil moisture model is 667 shown in equation (4). The model is presented in forms of 668 compound functions because of the high complexity of its 669 nature.
675 Note that independent variable V2 is not included in this 676 best selected GP model. V0 is SAR backscatter coefficient 677 (digital number: 0-255); V1 is slope value in percent (%); 678 V3 is soil permeability (in/hr); and V4 is NDVI (digital 679 number: 0 -200).
680
[28] The effect of slope in the estimates of soil moisture 681 in the GP-derived model is only valid where the slope is 682 below 2% in this study. The first reason is that the model 683 was calibrated with the slope values less than 2%. There 788 soil permeability increases. This is a reason for Figures 12a 789 and 12b to show a patch of very low soil moisture at the 790 center of the maps due to the very high value of soil 791 permeability as evidenced in Figure 9 . Similarly, the patches 792 of high soil moisture areas at the bottom of Figures 12a and 793 12b are due to the very low soil permeability as evidenced in 794 Figure 9 too. This phenomena follows the physical sense that 795 the soil with high permeability allows water and air to move 796 more freely, thus it retains less water content. According to 797 equation (4), the slope parameter is a subtrahend. It confirms 798 that the increases of slope reduce the water content in the 799 soil. Obviously the steep slope (large value of slope) would 800 generate more runoff, and this drains the water from the soil 801 more. This explains why there is a presence of very low soil 802 moisture patch at the top of Figures 12a and 12b because of 803 the high values of slope as evidenced in Figure 7 .
804
[33] The effects of the NDVI to the soil moisture can be 805 analyzed by two scenarios. First, high value of the NDVI 806 refers to high density of plants' leaves or high greenness in 807 canopy level. This could imply the abundance of water 808 available in the soil that the plants can use for their 809 photosynthesis. It could also imply that the evapotranspira-810 tion is supportive for carboxylation where the NDVI is high. 811 The second scenario could be the opposite in a way that 812 high density of plants' leaves causes high transpiration rate, 813 and consequently the soil moisture should be low because 814 of the water depletion. However, the second scenario has a 815 flaw that if the water available in the soil is low, how could 816 the plants maintain high productivities (indicated by the 817 density of green leaves)? Thus the first scenario has the 818 higher probability of being true. According to the model 819 (equation (4)), the NDVI parameter only adds its value into 820 the model since it is never being used as a subtrahend. It 821 may be concluded that the NDVI implies the abundance of 822 water content in the soil rather than the depletion of the soil 823 moisture.
824
[34] The question ''why use radar images for soil mois-825 ture estimation when NDVI is so readily available?'' can be 864 created in order to compare the outputs against those from 865 the GP model. In the process of developing the two 866 nonlinear regression models, a conventional power law type 867 fit is calibrated including eleven coefficients and the five 868 independent variables. As an alternative another nonlinear 869 regression is created with a higher degree of complexity by 870 fusing many nonlinear forms that best fit individual inde-871 pendent variable. This process mimics the law of nature 872 selection, which is similar to the selection algorithm which 873 is utilized by the genetic programming, by manually select-874 ing the regression type that best fits each independent 875 variable to the ground data pair-wise. The selected forms 876 of regression are fused together to form the second nonlin-877 ear regression model as shown in equation (7). Fourteen 878 coefficients and five independent variables are included. that is converted to digital number (0 -200).
891
[37] The correlation between the measured soil moisture 892 and the calculated soil moisture in the linear regression 893 model and the two nonlinear regression models are weak.
894
The highest r-square value was only 0.36 at its best with the 895 RMS error of 8.9%. Figure 14 . Box plots of observed and calculated soil moisture generated from different models. The result of GP model represents very similarly to the observed data. Its interquartile range is almost as wide as the interquartile range of the observed data, while the other models only result in a half of the interquartile range. Obviously the linear regression model results in the overestimation, and the two nonlinear models result in the underestimations.
